In this study, a semi-infinite interval-stochastic risk management (SIRM) model is developed for river water pollution control, where various policy scenarios are explored in response to economic penalties due to randomness and functional intervals. SIRM can also control the variability of the recourse cost as well as capture the notion of risk in stochastic programming. Then, the SIRM model is applied to water pollution control of the Xiangxihe watershed. Tradeoffs between risks and benefits are evaluated, indicating any change in the targeted benefit and risk level would yield varied expected benefits. Results disclose that the uncertainty of system components and risk preference of decision makers have significant effects on the watershed's production generation pattern and pollutant control schemes as well as system benefit. Decision makers with risk-aversive attitude would accept a lower system benefit (with lower production level and pollutant discharge); a policy based on risk-neutral attitude would lead to a higher system benefit (with higher production level and pollutant discharge). The findings can facilitate the decision makers in identifying desired product generation plans in association with financial risk minimization and pollution mitigation.
Introduction
Currently, the problem of water quality deterioration (e.g., water pollution) hinders socio-economic development and eco-environmental sustainability in many countries (e.g., China). According to the 2015 China Water Resources Bulletin, approximate 19.7% of the monitored river water (i.e., the total length of monitored river is 235 × 10 3 km) is in the worst two categories of water quality classification system (i.e., no longer fishable and of questionable agricultural value) [1] . Effective planning of water pollution control for watersheds plays an important role for national and/or regional sustainable development [2] [3] [4] . In fact, decisions in water pollution control are often made on the basis of uncertain information (i.e., various uncertainties) existing in system components and their interactions [5, 6] . The major sources of uncertainty in water pollution control are the random characteristics of natural processes (e.g., precipitation and climate change) and stream conditions (e.g., stream flow, water supply, and point/nonpoint source pollution), the errors in estimated modeling parameters, and the imprecision of system objectives and constraints [7] . For example, pollutant discharge allowances are often affected by pollutant discharge rates (which influenced by random events such as temperature and precipitation) and decision makers' estimations; the allowable loads are not measured with certainty but in fact represent a probability distribution. Consequently, a number of mathematical techniques were launched to examine economic, environmental and ecological impacts of alternative pollution control actions under uncertainty, and thus aid the decision makers in generating effective water pollution control plans and policies [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] .
Two-stage stochastic programming with recourse (TSP) is effective for problems where an analysis of policy scenarios is desired and uncertainties are expressed as random variables with known probability distributions [18, 19] . The fundamental idea behind TSP is the concept of economic penalties with recourse that is the ability to take corrective actions after a random event occurs [20] . Previously, a number of researchers applied the TSP method to water pollution control [21] . Luo et al. [22] presented a simulation-based interval two-stage stochastic programming model for agricultural nonpoint source pollution control through land retirement under uncertain conditions, with the annual load of effluents before retirement being expressed as probability distributions. Harrison et al. [23] proposed a two-stage stochastic decision making programming method for problem of water quality pollution control. It was applicable to problems characterized by uncertainty in unobservable parameters; meanwhile, some problems were resolved upon observation of the outcome of the first-stage decision. Tavakoli [24] proposed a nonlinear two-stage stochastic fuzzy programming to tackle uncertainties described as fuzzy boundary intervals and probability distributions in decision making of optimal water allocation and pollutant load policies. Hu et al. [25] proposed a Bayesian-based two-stage inexact optimization method for supporting water pollution control under uncertainty; optimal production patterns of economic activities under different pollutant discharge allowance scenarios were generated. Generally, one major limitation of TSP is that it can only account for the expected second-stage cost without any consideration on the variability of the recourse values. For example, in water pollution control problems, one targeted benefit is firstly set, where one part is regular benefit from production generation and the other is in the case of excess pollutant discharge. If the event occurs, the penalty related to the pollutant mitigation might be tremendous such that the system benefit (i.e., the difference between the two parts) could be lower than the expected value. Although the event may happen associated with a low probability, it is unacceptable once it arises; any expected benefit below the targeted value is considered risky. The TSP model may become infeasible when the decision makers are risk averse under high variability conditions [26] . Ignoring risk might generate an unacceptable value for the objective function, which could lead to terrible outcomes for some extreme scenarios.
An effective tool that could help overcome the above shortcoming is financial risk management (i.e., risk below a certain targeted benefit), which was proposed to control the variability of the recourse cost, as well as capture the notion of risk in TSP [27, 28] . The TSP model coupled with financial risk management enable decision makers to account for uncertainty in the evaluation and comparison of alternatives, while at the same time maximize the expected benefit and minimize the financial risk at every benefit level. Koppol and Bagajewicz [29] proposed a financial risk management based two-stage stochastic programming for the design of water utilization systems in process plants, where risk constraints were introduced to balance between cost and system reliability. Barbaro and Bagajewicz [30] presented a methodology which included financial risk management in the framework of two-stage stochastic programming for planning under uncertainty. Liu and Huang [31] proposed a dual interval two-stage restricted-recourse programming method to control the variability of the recourse cost of flood-diversion planning problem. Ahmed et al. [32] proposed financial risk management based two-stage stochastic programming for energy planning under uncertainties in demand and fuel price, in which the financial risk constraint were employed to choose the first stage decision in an optimal way without anticipation of future outcomes of uncertainties. Financial risk management is an advantageous measure to assess risk and obtain solutions appealing to decision makers. However, in practical water pollution control problems, various uncertain components may exist and may not be available as probability distribution and/or deterministic values, such as cost/benefit coefficients and pollutant discharge rates. Interval may be an appropriate format for dealing with uncertainties that cannot be quantified as distribution functions and/or deterministic values; moreover, the lower and upper bounds of interval numbers may be presented as functions instead of deterministic values when they vary with independent variables (e.g., time) [33] . Semi-infinite interval programming (SIP) can handle such dual uncertainties (i.e., functional intervals).
Therefore, this study aims at developing a semi-infinite interval-stochastic risk management (SIRM) model and applying it to water pollution control of the Xiangxihe watershed. The detailed tasks include: (i) integrating the concepts of financial risk management and functional interval parameters into a two-stage stochastic programming (TSP) framework, (ii) handling uncertainties presented as probability distributions and functional interval values, (iii) examining various scenarios that are related to economic penalties when the designed targets are violated, (iv) analyzing results of benefit, product generation and pollution control under a variety of risk levels, and (iv) assessing tradeoffs between risk and benefit on the basis of cumulative risk curves under different decision alternatives.
Methodology
Two-stage stochastic programming (TSP) reflects a tradeoff between pre-regulated strategies and the associated adaptive adjustments being approached to the expected system benefit [5] . In general, a TSP with recourse model can be formulated:
(1) subject to:
x j ≥ 0, j = 1, 2, ..., n 1 (4) y jh ≥ 0, j = 1, 2, ..., n 2 ; h = 1, 2, ..., v
where x j represent the first-stage decision variables, which have to be decided before the actual realizations of the random variables; y jh denote the second-stage decision variables, which are related to the recourse actions against any infeasibilities due to particular realizations of uncertainties; c j is coefficient of the first-stage decision variable (x j ) in the objective function; e j is coefficient of the recourse variable (y jh ) in the objective function; a rj is coefficient of the first-stage decision variable (x j ) in constraint; b r is right-hand side parameter in constraint; a tj is coefficient of y jh in constraint j, which is associated with probability level p h . w h are random variables with probability levels p h , where h = 1, 2, . . . , v and ∑ p h = 1. The objective function is composed of the benefit of first-stage decision minus the expected cost of the second stage under a series of constraints. In water pollution control problems, when pollutant discharge is expressed as a random variable with known probability distribution, the actual benefit under pollutant discharge allowance scenarios may be unacceptably low, although the system expected benefit is maximized, due to the preceding TSP model's incapability in providing any control over the variability of the benefit under each scenario (h). Such a risk of loss (or potential regret from the decision makers) may be due to the above modeling situations where the variability of the second-stage cost is not considered except for its expected value [34] . Therefore, a concept of financial risk is introduced into the TSP problems, which is defined as the probability of not meeting the targeted benefit (η) in each individual scenario realization [29, 30] :
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∑ j=1 e j y jh , ∀j (7) 
where B h (x) is the actual benefit (i.e., the benefit resulting after the uncertainty has been unveiled and scenario h has been realized). For any scenario, the benefit is either greater or equal than the targeted value; the corresponding probability P[B h (x) < η] = p h z h (x, η) is zero (i.e., z h (x, η) = 0), or the benefit of the scenario is smaller than the target, rendering a probability of 1 (i.e., z h (x, η) = 1). In order to control the financial risk of one TSP problem, Equations (2) to (4) can be converted into:
where ε is the allowable risk exposure level. The integer variable z h should take a value of 1 if the benefit for scenario h is smaller than or equal to the targeted value (η) and a value of 0 otherwise. An upper-bound cost under each scenario (UB h ) is used for balancing benefit for scenario h and the target level (η) [35] . In many real-world problems, some parameters may be presented as interval numbers; meanwhile, the lower and upper bounds of them can rarely be acquired as deterministic values. Instead, they may be presented as functions of independent variables; this leads to functional intervals. For example, decision makers may estimate that the pollutant discharge allowance may vary with time (t). Different time corresponds to different lower and upper bounds of pollutant discharge allowance (e.g., [a 1 + c 1 t, a 2 + c 2 t]), resulting in infinite pollutant discharge allowance values. Semi-infinite interval programming (SIP) can handle such dual uncertainties. Therefore, through introducing concepts of SIP and financial risk management into TSP model, a semi-infinite interval-stochastic risk management (SIRM) model can be formulated as follows:
subject to:
.., m 2 ; h = 1, 2, ..., v; t = 1, 2, ..., t 1
x ± jt ≥ 0, j = 1, 2, ..., n 1 (20)
where superscripts '−' and '+' represent lower and upper bounds of the interval values; w ± ht (l) denotes pollutant discharge allowance that vary with time; l denotes the length of time. In this study, a two-step solution process is proposed to transform the SIRM model into two deterministic submodels corresponding to the lower and upper bounds of the desired objective-function values. Figure 1 presents the overall flow chat of the methodology. The detailed solution method and procedure are presented in Appendix A to this paper. 
Case Study

Study Area
Currently, water pollution problems due to point and nonpoint source pollution discharges have become more and more challenging in this watershed. Five chemical plants (i.e., GF, BSH, PYK, LCP, and XJLY), six phosphorus mining companies (i.e., XL, XH, XC, GP, JJW, and SJS), and four wastewater treatment plants (WTPs) (i.e., Gufu, Nanyang, Gaoyang, and Xiakou), four agricultural zones (AZ1 to AZ4) are the main pollutant discharge sources. These point and nonpoint sources scatter along a length of about 51 km river stretch which is segmented into five reaches (as shown in Figure 2 ). In the watershed, the main problems include: (1) the immoderate discharge of highconcentration phosphorus-containing wastewater and industrial soil wastes (i.e., chemical wastes,
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Case Study
Study Area
Currently, water pollution problems due to point and nonpoint source pollution discharges have become more and more challenging in this watershed. Five chemical plants (i.e., GF, BSH, PYK, LCP, and XJLY), six phosphorus mining companies (i.e., XL, XH, XC, GP, JJW, and SJS), and four wastewater Water 2017, 9, 351 6 of 21 treatment plants (WTPs) (i.e., Gufu, Nanyang, Gaoyang, and Xiakou), four agricultural zones (AZ1 to AZ4) are the main pollutant discharge sources. These point and nonpoint sources scatter along a length of about 51 km river stretch which is segmented into five reaches (as shown in Figure 2 ). In the watershed, the main problems include: (1) the immoderate discharge of high-concentration phosphorus-containing wastewater and industrial soil wastes (i.e., chemical wastes, slags, and tailings) far exceed what can be decomposed by self-purification; (2) high potential for generating soil erosion and surface runoff due to the special geography and heavy rainfall; (3) large amounts of nutrient pollutants (in terms of phosphorus and nitrogen) in livestock wastewater and wastes are drained into the river by direct discharge or in rainfall. Effective water pollution control schemes are essential for the local sustainable development. In this study, a one-year planning horizon is selected and further sorted into two periods: dry season (i.e., November to May of the following year) and wet season (i.e., June to October) based on the specific growth periods of different crops. Wheat, potato, rapeseed, and alpine rice are identified as crops in dry season; second rice, maize, and vegetables are considered during wet season; citrus and tea grow up over the whole planning horizon. 
Modelling Formulation
Then, the SIRM model is applied to optimize economic activities (i.e., industrial and agricultural activities) in the Xiangxihe watershed. The objective is to maximize the system benefit through identifying desired activities of chemical plants, phosphorus mining company, wastewater treatment plants, and crop farming. Biological oxygen demand (BOD), total nitrogen (TN) and total phosphorus (TP) are chosen as water quality indicators. The constraints involve relationships among economic activity, environmental restriction, and resources availability. The application of the proposed method is based on several assumptions: (1) the uncertainties, expressed as intervals and probability distributions, are independent; (2) the constraints are simplified with the respect to pollution loads 
Then, the SIRM model is applied to optimize economic activities (i.e., industrial and agricultural activities) in the Xiangxihe watershed. The objective is to maximize the system benefit through identifying desired activities of chemical plants, phosphorus mining company, wastewater treatment Water 2017, 9, 351 7 of 21 plants, and crop farming. Biological oxygen demand (BOD), total nitrogen (TN) and total phosphorus (TP) are chosen as water quality indicators. The constraints involve relationships among economic activity, environmental restriction, and resources availability. The application of the proposed method is based on several assumptions: (1) the uncertainties, expressed as intervals and probability distributions, are independent; (2) the constraints are simplified with the respect to pollution loads rather than contaminant concentration, in order to prevent unnecessary complexity in the optimization procedure [36] . The SIRM model for supporting water pollution control in the Xiangxihe watershed can be represented as follows:
Constraints:
(1) Wastewater treatment capacity constraints:
(2) BOD discharge constraints:
(3) Nitrogen discharge constraints:
(4) Phosphorus discharge constraints:
(5) Soil loss constraints:
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(7) Cropland resources constraints:
(8) Industrial production scale constraints:
(9) Non-negative constraints:
The detailed nomenclatures for variables and parameters are provided in Appendix B. In the above modeling formulation, pollutant discharge allowances are selected as the key constraints and expressed as probability distributions (which are divided into functional intervals).
Data Analysis
The imprecise inputs are investigated through field surveys, statistical yearbooks, government reports, and literatures. They are presented as functional intervals, probability distributions, and interval numbers. Table 1 displays net benefits and penalties from industrial activities (chemical plant, water supply, and phosphorus mining company) that presented as intervals. Given a production target that is promised to each industrial activity, if the target is determined too high, the excessive pollutants will have to be mitigated in a more expensive way or discharged/drained into the stream (leading to penalties from the government). Table 2 lists the pollutant discharge allowances for different industrial activities which are presented as probability distributions. They are divided into a set of discrete functional intervals with probability distributions to approximate the stochastic values since the amounts of pollutant discharge are vary during the day in each season. The pollutant discharge allowances are estimated by the decision makers to fall within reasonable ranges. In this study, it is assumed that the lengths of dry and wet seasons are 213 and 152 days, respectively. Five scenarios for pollutant discharge allowance are generated, which are named as low, low-medium, medium, medium-high, and high, respectively. 
Results and Discussion
Benefit and Cost
In this study, a number of financial risk levels from 0 to 1 (ε) were taken into account. Figure 3 displays the results of various benefits (i.e., targeted benefit, system benefit, and regular benefit) and cost (i.e., penalty) under different risk levels. An increase in the targeted benefit implies the raised product generation meeting economic requirement in advance as the ε level is raised; an increase in the penalty for excessive pollutant discharge would then exist in case of low pollutant discharge allowance event occurring. In addition, any change in targeted benefit and ε level would lead to different system benefits; the trend of the f ± variation along with the ε level would illustrate a balance between economic objective and violation risk. For instance, when ε = 0.12 (with η ± = RMB¥ [100, 600] × 10 6 ), the system benefit would be RMB¥ [121.9, 646.3] × 10 6 ; when ε = 0.64 (with η ± = RMB¥ [160,800] × 10 6 ), the system benefit would be RMB¥ [160.8, 800.6] × 10 6 . An increased ε level (a raised risk) corresponds to a decreased strictness for the constraints and thus an increased system benefit; such an increased value, however, would be associated with a raised constraint-violation risk. 
Results and Discussion
Benefit and Cost
In this study, a number of financial risk levels from 0 to 1 (ε) were taken into account. Figure 3 displays the results of various benefits (i.e., targeted benefit, system benefit, and regular benefit) and cost (i.e., penalty) under different risk levels. An increase in the targeted benefit implies the raised product generation meeting economic requirement in advance as the ε level is raised; an increase in the penalty for excessive pollutant discharge would then exist in case of low pollutant discharge allowance event occurring. In addition, any change in targeted benefit and ε level would lead to different system benefits; the trend of the f  variation along with the ε level would illustrate a balance between economic objective and violation risk. For instance, when ε = 0.12 (with   = RMB¥ [100,600] × 10 6 ), the system benefit would be RMB¥ [121.9, 646.3] × 10 6 ; when ε = 0.64 (with   = RMB¥ [160,800] × 10 6 ), the system benefit would be RMB¥ [160.8, 800.6] × 10 6 . An increased ε level (a raised risk) corresponds to a decreased strictness for the constraints and thus an increased system benefit; such an increased value, however, would be associated with a raised constraint-violation risk. Benefits and costs under different risk levels. Note: (a) lower-bound targeted benefit and system benefit, (b) upper-bound targeted benefit and system benefit, (c) lower-bound regular benefit and penalty, (d) upper-bound regular benefit and penalty; unit: 10 6 RMB¥.
Risk Analysis
The concept of financial risk was employed to manage the economic loss risk related to the production policy. Figure 4 presents the variation of benefit corresponding to each risk level and Benefits and costs under different risk levels. Note: (a) lower-bound targeted benefit and system benefit, (b) upper-bound targeted benefit and system benefit, (c) lower-bound regular benefit and penalty, (d) upper-bound regular benefit and penalty; unit: 10 6 RMB¥.
The concept of financial risk was employed to manage the economic loss risk related to the production policy. Figure 4 presents the variation of benefit corresponding to each risk level and pollutant discharge allowance scenario. It is indicated that, under a given scenario, benefit would increase with the ε level. For instance, when pollutant discharge allowance is low, the system benefit would be RMB¥ [124.8, 685.6] × 10 6 under ε = 0.36 and RMB¥ [173.7, 820.1] × 10 6 under ε = 0.88, respectively. The higher risk level corresponds to a higher targeted benefit and thus a higher production level, leading to a higher benefit. A straightforward way of evaluating the tradeoff between risk and benefit is to use the cumulative risk curve. Figure 5 illustrates the lower and upper bound cumulative risk curves under different risk levels, respectively. Under a fixed ε level, the cumulative risk curve indicates the level of incurred risk for the generation target at each benefit level (which is the difference between regular benefit and penalty under a designed pollutant discharge allowance scenario). The cumulative risk curves would monotonically increase because they are cumulative probability functions; therefore, the risk is given by the cumulative probability. The risk area would increase as the ε level is raised. Generally, decisions at a lower ε level (i.e., risk averse) would lead to an increased reliability in fulfilling the system requirements but with a lower system benefit; conversely, a strong desire to obtain high system benefit (i.e., risk neutral or risk prone) would yield a raised risk of violating the constraints. It is revealed that a tradeoff between system benefit and system failure risk exists in the decision processes.
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Proportion of Benefit under Different Scenarios
Optimal Production Target and Actual Production Level
Excess Pollutant Discharge
Activity
Designed Target ε = 0 ε = 1 t = 1 t = 2 t = 1 t = 2 t = 1 t = 2 Figure 8 describes the excess BOD, TN, and TP discharges under different ε levels. Different ε levels would result in different production levels, leading to different pollutant loadings. Results indicate that the excess BOD, TN, and TP discharges would increase as ε level is raised. For instance, under medium scenario, the total amounts of excess BOD, TN, and TP discharges would respectively approach [12.9, 18 .1] t, [49.6, 62.5] t, and [65.2, 85.7] t (i.e., tonne) under ε = 0.12, while they would be [24.1, 28.9] t, [71.2, 90.6] t, and [86. 6, 112.4] t under ε = 0.88, respectively. This is due to the fact that higher ε levels correspond to optimal production targets of economic activities, leading to higher pollutant discharges. Decision makers could justify pollutants control schemes according to the risk levels. Besides, chemical plant would be the main BOD and TP dischargers (associated with its high pollutant discharge rate and production level), while crop farming would be the main TN contributor (due to heavy runoff and soil loss). Thus, advanced wastewater treatment technologies (e.g., tertiary wastewater treatment and depth processing technologies) should be recommended to further improve pollutant removal efficiency. Moreover, some ecologically engineered management measures (e.g., constructed wetland, buffer stripes, and river channel enhancement zone) can be taken to mitigate soil loss and nutrient losses. 
Excess Pollutant Discharge
Conclusions
In this study, a semi-infinite interval-stochastic risk management (SIRM) model has been proposed through integrating the concepts of financial risk management and functional interval parameters into a two-stage stochastic programming (TSP) framework. The SIRM model can handle uncertainties described as probability distributions and functional interval values. Economic penalty is imposed when random variables are violated after the realization of designed targets. Decision makersʹ attitudes towards system risk are reflected using a risk management measure by controlling the variability of the second-stage cost (i.e., penalty). The SIRM model enables decision makers to account for uncertainty in alternative evaluation and comparison, and help maximize the expected benefit as well as minimize the financial risk at every benefit level. The SIRM model has been applied to water quality management in the Xiangxihe watershed. A number of pollutants (i.e., BOD, TN, TP) generated by industrial and agricultural activities have been considered. Interval solutions with different risk levels and allowable pollutant discharge scenarios concerning optimal production target, actual production level, and excess pollutant discharge have been generated through solving the model. 
In this study, a semi-infinite interval-stochastic risk management (SIRM) model has been proposed through integrating the concepts of financial risk management and functional interval parameters into a two-stage stochastic programming (TSP) framework. The SIRM model can handle uncertainties described as probability distributions and functional interval values. Economic penalty is imposed when random variables are violated after the realization of designed targets. Decision makers' attitudes towards system risk are reflected using a risk management measure by controlling the variability of the second-stage cost (i.e., penalty). The SIRM model enables decision makers to account for uncertainty in alternative evaluation and comparison, and help maximize the expected benefit as well as minimize the financial risk at every benefit level. The SIRM model has been applied to water quality management in the Xiangxihe watershed. A number of pollutants (i.e., BOD, TN, TP) generated by industrial and agricultural activities have been considered. Interval solutions with different risk levels and allowable pollutant discharge scenarios concerning optimal production target, actual production level, and excess pollutant discharge have been generated through solving the model.
Results disclose that uncertainties and risks have significant effects on the watershed's production generation pattern and pollutant control schemes as well as the system benefit and economic penalty. It is revealed that the optimal production target and actual production level would increase with a raised risk level (i.e., a risk-neutral attitude to the system failure); under each ε level, more pollutant would be generated due to the increased allowable pollutant discharges. Under a fixed ε level, higher allowable pollutant discharge corresponds to a higher production level, resulting in a higher benefit. Moreover, under a given scenario, benefit would increase with the ε level; higher risk level corresponds to a higher targeted benefit and thus a higher production level, leading to a higher benefit. In summary, decisions at a lower ε level (i.e., risk averse) would lead to an increased reliability in fulfilling the system requirements but with a lower system benefit; conversely, a strong desire to obtain high system benefit (i.e., risk neutral or risk prone) would yield a raised risk of violating the constraints.
On the other hand, results disclose that chemical plant and phosphorus mining company would be the main income source of the study area (occupying more than 60% of the total benefit), while chemical plant would be the main BOD and TP dischargers (account for more than 72% and 75% of the total BOD and TP dischargers, respectively). Although crop farming would produce less than 3% of the total benefit, it would be the main TN contributor due to heavy runoff and soil loss (crop farming discharge 82% of the total TN discharge). Abatement of pollutant contaminations from industrial and agricultural activities is important for the river pollution control. However, the implementation of management practices for water pollution control can have potentials to affect the local economic income. There is a tradeoff between the economic income and pollution control. Several suggestions that could help local authority generate desired decision schemes in association with both maximizing economic income and reducing water pollution are: (i) wastewater treatment technologies (e.g., tertiary treatment and depth processing technologies) would be enhanced to improve the pollutant removal efficiency; (ii) definite land management alternatives suitable to legally manage the farmland need to be enacted for controlling soil erosion; (iii) some ecologically engineered management measures (e.g., constructed wetland, buffer stripes, and river channel enhancement zone) can also be taken to mitigate nitrogen and phosphorus losses.
The first attempt to employ the SIRM model to support water quality management of a watershed system demonstrates its applicability. However, the SIRM model still has space for further improvement. Firstly, it has difficulties in tackling uncertainties expressed as possibility distributions (i.e., fuzzy uncertainties). For example, decision makers' estimations of pollutant discharge allowances are objectively determined relying on some available historical data; the observed values of them may be ambiguous that can be estimated as fuzzy sets, leading to more complex uncertainties (e.g., intervals with fuzzy-random boundary). The shortcoming can be overcome by incorporating fuzzy mathematical programming into the SIRM framework. Secondly, the effects of the uncertainties as well as their interactions on the water quality management system performance should be further disclosed. Multi-level factorial design can effectively identify the important parameters (or factors) and detect their interactions on modelling outputs. Thirdly, decision support regarding pollution concentration management could be further provided by incorporating certain water quality simulation models into the SIRM framework, which can effectively reflect dynamic interactions between pollutant loading and water quality.
Appendix A. Solution Method
In SIRM model, the first-stage decision variables x ± j in the model are expressed as intervals, which should be identified before the random variables are disclosed. Consequently, decision variables u j are introduced to identify an optimized set of the first stage values for supporting the related policy analyses. Let
Then, a two-step process is proposed to transform the model into two deterministic submodels that are associated with the lower and upper bounds of the desired objective. Since the objective is to be maximized, the submodel corresponding to f + (i.e., most desirable objective) can be firstly formulated:
x − j + ∆x j u j ≥ 0, j = 1, 2, ..., n 1 (A8) y − jh ≥ 0, j = 1, 2, ..., k 2 ; ∀h (A9)
where u j , z − h , y − jh , and y + jh are decision variables; y − jh ( j = 1, 2, ..., k 2 ) are decision variables with positive coefficients in the objective function; y + jh (j = k 2 + 1, k 2 + 2, ..., n 2 ) are decision variables with negative coefficients. Solutions of y − jh ( j = 1, 2, ..., k 2 ), y + jh (j = k 2 + 1, k 2 + 2, ..., n 2 ), u j , and z − h can be obtained through solving submodel (A1).The optimized first-stage variables are x ± j opt = x − j + ∆x j u j opt (j = 1, 2, ..., n 1 ). Then, the submodel corresponding to the lower-bound objective-function value ( f − ) is:
subject to: probability of occurrence allowable pollutant discharge level h (%); BC ± it net benefit from chemical plant i in period t (RMB¥/t); PLC ± it production level of chemical plant i in period t (t/day); BP ± nt average benefit for per unit phosphate ore (RMB¥/t); PLM ± nt production level of phosphorus mining company n during period t (t/day); BW ± st net benefit from water supply to municipal uses (RMB¥/m 3 ); QW ± st quantity of water supply to town s in period t (m 3 /day); BA ± jkt average benefit for agricultural product (RMB¥/t); PA ± jkt planning area of crop k in agricultural zone j during period t (ha); PBC ± it economic cost when the production targets from plant i in period t are not met (RMB¥/t); APC ± ith actual production level of plant i under scenario h in period t (t/day); PBP ± nt economic cost when the production targets from company n in period t are not met (RMB¥/t); APM ± nth actual production level of company n under scenario h in period t (t/day); PBW ± st economic cost when the water supply targets for town s in period t are not met (RMB¥/m 3 ); phosphorus treatment efficiency in mining company n (%) ASM ± nt amount of slag discharged by mining company n during period t (kg/t) PCS ± nt phosphorus content in generated slag (%) SLW ± nt slag loss rate due to rain wash (%) APCM ± nth (l) allowable phosphorus discharge for mining company n under scenario h during period t (kg/day) PS ± jk phosphorus content of soil in agricultural zone j planted with crop k (%) SL ± jkt average soil loss from agricultural zone j planted with crop k in period t (t/ha) DP ± jkt dissolved phosphorus concentration in runoff from agricultural zone j with crop k (mg/L) MPL ± jth (l) maximum allowable phosphorus loss in agricultural zone j under scenario h in period t (t/ha) MSL ± jth (l) maximum allowable soil loss agricultural zone j under scenario h in period t (t) η ± targeted benefit level of economic activities (RMB¥) z ± h integer variable, which would take a value of zero if the benefit for each economic activity under scenario h is greater than or equal to the target level (η ± ) and a value of one otherwise UB h upper bound benefit under each scenario h (RMB¥) ε ± desired risk exposure level of economic activity MFP ± th the government requirement for minimum area of farmland during period t (ha); PLC ± it, min minimum production level of chemical plant i in period t (t/day) PLC ± it, max maximum production level of chemical plant i in period t (t/day) QW ± st, min minimum quantity of water supply to town s in period t (m 3 /day) QW ± st, max maximum quantity of water supply to town s in period t (m 3 /day) PLM ± nt, min minimum production level of phosphorus mining company n during period t (t/day) PLM ± nt, max maximum production level of phosphorus mining company n during period t (t/day)
